The aim of this study was to evaluate whether it was possible to (1) estimate the clinical mastitis incidence rate (CMI) for all Dutch dairy herds and (2) to detect farms with a high CMI based on routinely collected herd data. For this study, 240 dairy farms with a conventional milking system that participated in the milk recording program every 4 to 6 wk were randomly selected and agreed to participate. From the initial 240 herds, data of clinical mastitis (CM) registrations and routinely collected herd data of 227 herds were complete and could be used for analysis. Routinely collected herd data consisted of identification and registration records, antimicrobial usage, test-day records from the milk recording program, bulk tank milk (BTM) somatic cell count data and results of diagnostic tests on BTM samples. For each of the 227 herds, the CMI per 100 cows per year was calculated per quarter of the year and was combined with the available herd data. Two models were developed to predict the CMI for all dairy herds and to detect individual herds that belonged to the 25% herds with the highest CMI. Records of 156 (67%) herds were used for development of the models and the remaining 71 (33%) were used for validation. The model that estimated the CMI in all herds consisted of 11 explanatory variables. The observed and predicted averages of the validation herds were not significantly different. The model estimated a CMI per 100 cows per year of 32.5 cases (95% confidence interval = 30.2-34.8), whereas the farmers registered 33.4 cases (95% confidence interval = 29.5-37.4). The model that aimed at detecting individual herds with a high CMI contained 6 explanatory variables and could correctly classify 77% of all validation herds at the quarter-year level. The most important variables in the model were antibiotic usage for treating CM and BTM somatic cell count. In conclusion, models based on routinely collected herd data gave an accurate prediction of CMI for all Dutch dairy herds and could detect individual dairy herds with a high CMI. With these models it is possible to periodically monitor CMI both at the herd and at the national level, which is valuable for monitoring purposes and can motivate farmers to continuously improve udder health in their herds.
INTRODUCTION
Clinical mastitis (CM) is a frequently occurring, economically important disease for dairy industries around the world (Olde Riekerink et al., 2008; Lam et al., 2013) . Udder health is often monitored based on individual or bulk tank milk (BTM) SCC data. In some European countries, CM records are registered in disease-recording systems. However, these registrations underestimate the CM rates by 20 to 100% (Wolff et al., 2012) . In the Netherlands, the clinical mastitis incidence (CMI) is an important indicator for both animal health and welfare, which is not uniformly registered on a routine basis for all dairy herds and, therefore, cannot easily be monitored. Monitoring CMI provides insight in the trend in time and enables early detection of unfavorable alterations. On the herd level, monitoring CMI provides farmers more insight in their own situation compared with other farms, which may motivate them to improve udder health. A decrease in CMI will have a positive effect on animal health, animal welfare, antimicrobial use (AMU), work pleasure, and net return of the farm (Huijps et al., 2008; Jansen et al., 2010; Trevisi et al., 2014) .
In the Netherlands, the most recent CMI estimation was in 2009 and showed a slight decrease over the period January 1, 2005, and December 3, 2009, from 33.5 to 28.1 cases/100 cows per year, respectively (Lam et al., 2013) . However, for these estimates of CMI farmers had to observe, register and communicate all cases of CM in the herd for a year, which is very labor intensive. Therefore, a need exists for an alternative method to estimate and monitor CMI. In previous studies, it has been shown that elevated SCC is indicative for IMI and An estimation of the clinical mastitis incidence per 100 cows per year based on routinely collected herd data often results in CM (Berning and Shook, 1992; de Haas et al., 2005; van den Borne et al., 2010) . Nevertheless, not all elevated SCC cases result in CM. In addition, in routinely collected data, such as BTM records and testday milk recording, SCC records of cows with CM are generally excluded. Whether routine herd data has the ability to predict CMI on herd and national level has not previously been studied. Currently, besides SCC records, other routine herd data possibly associated with CM, such as AMU for intramammary and dry cow treatment, grazing management, milk production, herd size, animal movements, age, and parity, are also available.
The aim of the current study was to evaluate the possibility to use routine herd data to estimate the CMI on year and quarter-year level for the population of Dutch dairy herds. Further, we investigated the potential of routine herd data for comparing the CMI of individual herds to a benchmark of all dairy herds.
MATERIALS AND METHODS

Study Population
For our study, all dairy herds with a conventional milking system that participated in milk recording program on a 4-to 6-wk interval of the Dutch Royal Cattle Syndicate (CRV, Arnhem, the Netherlands) were eligible for inclusion (parameters that were available in the milk recording data are described in Appendix Table  A1 ). Herds with an automatic milking system (AMS) were excluded because of the differences in detection of mastitis compared with herds with a conventional milking system. Farms that did not participate in the milk-recording program were excluded because of the lack of SCC data. Of the total population of 17,459 Dutch dairy herds, 12,490 met the inclusion criteria (18% of the herds were excluded because of the use of an AMS and 10% were excluded because they did not participate in the milk-control program). The study population was randomly split in 2 groups of dairy herds: one group for the development and one for the validation of the prediction models (split-validation method; Steyerberg, 2009) . With the program Winepiscope 2.0 (sample size to estimate a mean; Thrusfield et al., 2001), we estimated that at least 200 dairy herds had to be included to be able to obtain a precise estimation (accepted error in CMI <6) of the CMI in both subpopulations, assuming that the expected CMI would be 25 to 30 cases per 100 cows per year and the expected standard deviation would be 22 cases per 100 cows per year (Lam et al., 2013) . In addition, with at least 70 herds in the validation group, it was possible to detect differences between observed and predicted CMI of 7.5% or higher based on the previous mentioned assumptions. Based on previous experience Lam et al., 2013) , the drop-out percentage was expected to vary between 10 and 20%, and therefore 40 additional dairy herds had to be included. Assuming a response percentage of 15 to 20%, 1,350 randomly selected dairy herds were contacted by mail to participate in our study. The first 240 farmers that responded were included in the study. Participation meant that they were obliged to observe, register, and communicate all CM cases in their herd to GD Animal Health on a monthly basis from January 1 to December 31, 2013. They also gave consent for use of their routine herd data. In return, BTM was tested 10 times during the year on the presence of udder pathogens for free and, when the study had finished, participating herds received an overview of the udder health of their herds compared with the other participants.
Definitions and Collection of Herd Data
At the start of the study, all 240 farms were visited by an employee of GD Animal Health. During these visits, the aim and the methods of the study were explained. Farmers used a uniform definition of CM and used standard forms to register and report the CM cases. The definition of CM was every abnormality on udder or milk observed by the farmer (Lam et al., 2013) . Abnormalities included alteration in color or consistency of the milk, swollen or red quarters, and clinical signs in cows such as depression, anorexia, dehydration, or fever (Lago et al., 2011) . Analogous to previous studies evaluating CM in the Netherlands (Barkema et al., 1999; van den Borne et al., 2010 van den Borne et al., , 2011 , every CM case diagnosed by the farmer was considered a new case of CM, with the only exception that CM events occurring within 14 d in the same quarter were assumed to be the same case and were excluded from analysis. For each herd, the CMI was expressed as the number of quarter cases per 100 cows at risk per year and was calculated as the number of quarter cases of CM divided by the number of cow days at risk (DAR) multiplied by 365 d and 100 cows (equation 1): CMI = (CM/DAR) × 100 × 365.
[1]
Based on the identification and registration data, DAR was calculated as the total sum of the number of days cows were present at the farm during at least 1 d in the study period, accounting for the moment of entrance and removal in the herd. An exception was made for primiparous cows, who became at risk at their first calving (and were assumed not at risk before this date). Cows were assumed to be always at risk for CM, because even if they suffered from CM in a quarter they were still at risk for developing CM in one of the other quarters.
To minimize response bias, after each month the farmers were asked to send in forms with the identification numbers of cows diagnosed with CM, the quarters in which an abnormality was observed, the date on which CM was observed, and whether or not the cases were treated with antibiotics. Farmers that did not submit the form at the end of the month were contacted by mail around the seventh day of the subsequent month and were contacted by phone every following week. With a program, developed in Stata 13.1 (Stata, 2014) , we monitored whether the farms regularly submitted the registration forms twice a week. In addition, this program was also used to detect incompleteness in the submitted forms and data-entry errors. The following abnormalities could occur: (1) the unique herd number was entered with typing errors, (2) there were typing errors in the identification of the cow, or (3) the data that was submitted was incomplete. The first 2 types of errors could be corrected by rechecking the forms. When the submitted data appeared incomplete the farmer was contacted to complete the data.
Routinely Collected Herd Data
Besides the CM data, other herd data were routinely collected. Identification and registration records that contained all animal registrations and movements were available in the study period from January 1 until December 31, 2013 (provided by the Dutch enterprise agency, RVO, The Hague, the Netherlands). Based on these data, the number of cows and DAR could be calculated for every herd in each quarter of the year (January-March, April-June, July-September, and October-December). In addition, these data were also used to provide insight in growth in herd size, replacement rates, and purchase of cattle. Location of the herd (i.e., province) were provided by GD Animal Health, Deventer, and test-day records from the milk recording program on animal and herd level were provided by CRV. From these data, for each cow, the distinction between primiparae and multiparae was made. In addition, whether a cow suffered from a (new) elevated SCC indicating subclinical mastitis (SCM) was derived on test-day level. In our study the threshold of >250,000 cells/mL was used to diagnose SCM in multiparae and a threshold of >150,000 cells/mL was used in heifers, analogous to the definitions used in the Netherlands (Sampimon et al., 2010; CRV, 2011) . On the herd and quarter-year level, the prevalence and incidence of SCM was derived as well as net return (based on 305-d production corrected for fat or protein, age, and calving season), standardized milk production (production level of the herd on a specific test-day; CRV, 2001), raw milk production (in kilograms), proportion primiparae, mean percentage fat, mean percentage protein, mean percentage lactose, and mean percentage urea.
Bulk tank milk SCC records were provided by Qlip laboratories (Zutphen, the Netherlands) and contained the SCC for each of the participating herds on a biweekly level for the complete study period. Data on AMU originated from the Dutch MediRund database (provided by the Dutch dairy association, NZO, The Hague, the Netherlands). This data consisted of all data on antimicrobials delivered by veterinarians to each of the participating farms from January 1 to December 31, 2013. From this data the animal daily dose of antibiotics (ADD) was calculated per herd for each quarter of the year according to the definitions provided by the Dutch Veterinary Medicines Authority (SDA, 2014) .
Finally, every month a BTM sample of each participating herd was cultured for coliforms, streptococci, Staphylococcus aureus, Klebsiella spp., Streptococcus agalactiae, Streptococcus dysgalactiae, and Streptococcus uberis. For a thorough description of the parameters that were evaluated in the models, please refer to the Appendix.
Validation of the Data
From the sum of the number of CM cases divided by DAR and multiplied by 365 d and 100 cows (equation 1), the CMI for each herd was calculated and the herd-level CMI was combined with the collected routine herd data. Subclinical udder health parameters were calculated on the herd level using test-day records and parity (primiparae/multiparae; Appendix). From the milk-recording program, a total of 223,791 test-day records were available from 28,005 cows between January 1, 2013, and February 15, 2014 . The records of the first 6 wk in 2014 were included to evaluate whether elevated SCC quarters recovered after the last test-day in 2013. Parameters describing antibiotic use in cows ≥2 yr old were calculated using the definitions provided by the Dutch Veterinary Medicines Authority and which is described in Santman-Berends et al. (2014) . In short, for each herd and quarter-year the total treated weight in kilograms per cow were calculated by multiplying the amount of prescribed of antibiotic product by the amount of active substance, divided by prescribed dose per animal weight in kilograms. Subsequently, the ADD per herd per quarter-year was calculated by dividing the amount of treated weight by a fixed total weight of cows (≥2 yr old, 600 kg/cow) present in the herd. In addition to the total ADD, the ADD was also calculated for intramammary treatment of CM, dry cow treatment, and parental treatment in milking cows separately. All data were evaluated at quarter-year level.
Predictive Modeling
The 227 herds of which both the CMI could be calculated and all routinely collected herd data were available were randomly assigned to 1 of 2 subpopulations. The first subpopulation consisted of 156 (67%) of the participating herds that were used to develop the predictive models (training data set). The remaining 71 (33%) herds were used for validation of the developed models (validation data set; Steyerberg, 2009) .
Two different prediction models were developed in Stata 13 (Stata, 2014 ). The first model was a generalized estimating equation (GEE) population average model with a Gaussian distribution, an independent correlation structure, and an identity link function. With this model, the analysis was conducted relative to the population mean to be able to correct for repeated measures within herds. This linear model was not used for estimating the CMI for individual herds because the fit of this model for individual herds was not sufficient (results not shown). Therefore, a second model that aimed at detecting individual herds with a high CMI (belonging to the 25% herds with the highest CMI or not) was developed. In this model, the dependent variable had a binomial distribution and a GEE population average model with a binomial distribution, an independent correlation structure and a Logit link function was used to predict whether a herd belonged to the 25% herds with the highest CMI.
In the first model, the CMI that was observed and registered by the farmer on herd and quarter-year level was included as a dependent variable. All parameters (Appendix) from the routine herd data were evaluated in the model. Whether a variable was retained in the model was evaluated based on its added value to the fit and the predictive capabilities of the model. First, univariable analyses were conducted on each of the parameters and parameters with P < 0.25 were retained for inclusion in the multivariable model. Subsequently, a forward stepwise selection and elimination method was used to obtain the best fitted model by monitoring the quasi-likelihood under the independent model criterion (QIC). The best predictive model was defined using the QIC value, which is a general applicable method to select the best fitting model in GEE analyses (Pan, 2001; Cui, 2007) . The subset of parameters in the model that resulted in the lowest QIC value was considered the most optimal model. For the final model, all biologically relevant interactions were evaluated and possible collinearity problems were monitored using the variation inflation factor. Further, during model selection, confounding was monitored by the change in the coefficient of a variable after removing another variable (Dohoo et al., 2009) . If the change of the estimates exceeded 25%, the removed variable was considered a potential confounder and was re-entered in the model. Thereafter, the data of the 71 remaining herds was used to validate the ability of the model to predict the CMI. Based on a postestimation linear prediction in Stata (2014) , the CMI was predicted for each of the validation herds. Both the observed and predicted CMI were combined for all herds and compared, both on the quarter-year and year level, to evaluate whether the model was capable of accurately predicting the CMI for all dairy herds. The robustness of the developed model was evaluated by conducting 2 additional validation methods: (1) validation on 500 bootstrap data sets each containing observations of 71 herds that were extracted from the group of validation herds and (2) cross-validation by varying the herds in the development (90% of the herds) and validation groups (10% of the herds) and repeating this 10 times so that every herd was once in the validation data set.
The second predictive model aimed at detecting herds that belonged to the group of 25% herds with the highest CMI on the quarter-year level. A herd was assigned such an attention if the CMI per 100 cows per year exceeded 45.4, 39.3, 45.9, or 44 .0 in the 1st, 2nd, 3rd, or 4th quarter of 2013, respectively. All routinely available parameters were subjected to univariable analyses and were evaluated as to whether they improved the model fit (P < 0.25). In the multivariable model, again a forward stepwise selection and elimination method was used to obtain the best fitting model. This was done by evaluating the area under the curve (AUC) of the receiver operating characteristic curve. The calibration of the risk score was assessed by comparing the model predictors to the observed and registered values. The final model had the highest AUC and the highest positive and negative predictive values. The default cut-off value of 0.5 was used to classify herds as belonging to the 25% herds with (≥0.5) or without (<0.5) a CMI attention on the quarter-year level. The final risk score for a herd was validated based on the positive and negative predictive value and AUC of the observations of the 71 validation herds.
RESULTS
Descriptive Results
At the end of 2013, 233 out of the 240 farmers that participated in the study completed CM registration. Together they registered 7,106 quarter cases of CM from 4,947 different cows. From these, 346 observa-tions were excluded because multiple CM cases within 2 wk in the same quarter were combined as 1 CM case. The final CM data consisted of 6,760 CM cases on the quarter level in 4,947 different cows and 7,966,844 DAR (average 329 d/cow present) in 233 dairy herds. When combining the data, observations of 3 herds were lost because the farms stopped participating in the milkrecording scheme during the study period and observations of 3 additional herds were excluded because the farmers withdrew their consent to use their data on AMU. The final data set consisted of complete observations of 227 herds.
In total, 26,762 cows in the 227 dairy herds that participated in our study were at risk for developing CM on at least 1 d in 2013. Per herd, a median number of 91 cows (≥2 yr old; mean 104) were present. The participating herds appeared slightly larger than the Dutch average of 94 cows ≥2 yr old at the end of 2013 (based on the I&R census data, The Hague, the Netherlands). The participating herds were randomly distributed across the country and were, therefore, representative for the distribution of all Dutch dairy herds.
In the 227 dairy herds, CM cases were observed 6,656 times in 4,874 different milking cows. Farmers decided to treat 4,778 (72%) CM cases with antibiotics. In 94% of the cases only 1 quarter of the cow was affected with CM. In 5% of the cases, 2 quarters were affected; in 0.5 and 0.4% 3 or 4 quarters, respectively, with CM simultaneously were observed.
In the 227 participating herds, the median CMI was 27.8 cases per 100 cows per year (25th percentile= 16.7; 75th percentile = 44.0). The mean CMI was slightly higher with 32.1 cases per 100 cows per year because of a small number of farms with an extremely high CMI (Figure 1 ).
Prediction of CMI for all Dairy Herds Based on Routinely Collected Data
In total, 39 parameters were available for inclusion in the predictive model (Appendix). After univariable analyses, 22 parameters improved the model, reduced the QIC (P < 0.25), and were eligible for evaluation in the multivariable prediction model. Three parameters (i.e., total number of cows present in the herd, overall prevalence of cattle with elevated SCC, and incidence of SCM in multiparae based on the definitions of CRV) were not included in the multivariable model because of high correlation with other predictive parameters (r >0.60).
The most optimal model that was developed based on the observations of the training data set of 156 herds explained most variation and contained 11 parameters (Table 1 ). The residuals of the final model were monitored for normality based on the skewness and kurtosis and appeared acceptable, although the kurtosis was fairly high. Therefore, in sensitivity analyses, prediction models were developed on the training data set using either a Poisson or negative binomial distribution with the number of CM cases as dependent variable and the number of cattle days at risk as offset (results not shown). In both analyses, the most optimal model contained exactly the same predictive parameters as the model using the normal distribution. Thus, only the results of the linear model are presented. The variation inflation factor showed that no multicollinearity problems existed in the final linear model. The developed prediction model explained 35% of the variation in CMI. The parameters with the highest predictive value were the amount of antibiotics provided for intramammary treatment and the BTM SCC. These 2 parameters accounted for 65% of the variation that was explained by the final model. The remaining 9 parameters accounted for the remaining 35% of variation explained by the model.
The model predicted an average CMI of 32.5 (95% CI = 30.2-34.8) per 100 cows per year based on the observations of the 71 validation herds. The CMI observed and registered by the farmers was not significantly different, with a CMI of 33.4 (95% CI = 29.5-37.4). The calibration plot showed that the average trend line of the validation herds was very close to the most optimal 45° line (Figure 2) . Nevertheless, the difference between the observed and predicted CMI of individual herds could be considerable, especially with observed CMI in the lowest and highest range (Figure 2 ). The ability of the model to predict extreme high CMI values was limited, possibly because some key predictor variables were not available in the data that was assessed, and thus a prediction for CMI for individual herds was not sufficiently valid (Figure 2) .
The model was also able to accurately predict the average CMI in the group of validation herds for each quarter-year (Figure 3 ). In the validation data set, no significant difference was observed in the 4 quarters of 2013 for the predicted and observed CMI ( Figure  3 ). The maximum difference between the model predictions and the registered CMI by the farmer was observed in the third quarter (Figure 3) . In that quarter, the average prediction was 2.8 cases per 100 cows per year lower than the registered CMI.
The difference between the observed and predicted mean CMI of each of the 500 data sets (that were developed by bootstrapping samples of 70 herds from the 71 herds that were used for validation) varied between a minimum of −5.4 and a maximum of 5.9 CM cases per 100 cows per year. On average, the model slightly underestimated the CMI in the 500 bootstrap data set, at 1.7 cases (95% CI = 1.6-1.9) per 100 cows per year. Varying the farms that were assigned to the training and validation data sets did not result in a different model, indicating that the developed model was very robust (results not presented).
Detection of Individual Dairy Herds that Belong to the Group of Herds with the Highest CMI
The prediction of CMI as a continuous measure for individual herds appeared to not be precise enough. For 45% of the herds, the predicted CMI differed by 10 or more cases per 100 cows per year compared with the CMI that was observed by the farmer (Figure 2) . Therefore, it was decided to attempt to detect herds with the highest CMI. The best model contained 6 parameters and had an AUC of 0.80 (95% CI = 0.76-0.84) in the training data set, using the default cut-off value of 0.5 (Table 2 ). The amount of prescribed antibiotics for intramammary treatment had the highest predictive value followed by herd size and BTM SCC.
When applying the developed model to the validation data set of 71 dairy herds the AUC was 0.79 (95% CI = 0.73-0.85). The model was able to correctly classify 77.1% of the observations on the quarter-year level (219 of the 284 observations). Using the default cut-off value of 0.5, the specificity was high, at 96%, but the sensitivity was 32%. The model could correctly classify 193 observations as no attention herds and 26 observations as attention herds. The negative predictive value of the model was 78% and the positive predictive value was 72%.
Ten herds were predicted to need attention by the model, whereas this was not supported by the observations and registrations of the farmer. However, in 7 of these herds the registered CMI was only slightly lower than the cut-off value that was used to assign herds as needing attention (Figure 4) . These herds had a higher than average percentage of cows with an elevated SCC and were prescribed a higher than average amount of antibiotics for intramammary treatment in the misclassified quarter of 2013.
In 55 of the 284 observations on quarter-year level, the farmers observed and registered their farm as needing attention (a CMI that belonged to the 25% highest Winter is represented by the first quarter, spring by the second quarter, summer by the third quarter, and autumn by the fourth quarter of the year.
2
Calculated as the number of cows with a new elevated SCC divided by the number of days at risk as described in the paper of (Santman-Berends et al., 2012).
values), whereas this was not supported by the predictions of the model. Almost all herds that received false attention did need attention in one of the other quarters of 2013. There were only 2 herds in which the farmer did not observe a high CMI in any of the quarters of 2013, whereas the model did assign a herd as needing attention in one or more of the quarters of 2013. Most of the observations were close to the cut-off values that were used (Figure 4) . The herds in which false attention occurred appeared to have a lower than average percentage of cows with an elevated SCC, had a lower than average BTM SCC, and appeared to treat a relatively low percentage of observed CM cases with antimicrobials (61% of CM cases treated with antibiotics versus 72% in the study herds).
DISCUSSION
This paper presents an attempt to estimate the CMI for Dutch dairy herds in 2013. The method used showed potential to predict the average CMI for all dairy herds based on routine herd data. Further, a second model was able to correctly predict 77% of the individual herds on quarter-year observations as being at risk for having a high CMI (i.e., belonging to the 25% dairy herds with the highest CMI).
To our knowledge, this is the first time an attempt has been made to predict CMI on routinely collected data. Nevertheless, prediction models are commonly used in human medicine (Lemeshow et al., 1993) and genetic modeling (McGill et al., 2014; Sun et al., 2014) . Currently, in many countries, herd data are routinely collected because of cattle improvement schemes, milk quality control, regulations, and surveillance, although the exact mix of data may differ. Collection of routinely collected data presents increasing opportunities to apply predictive modeling in veterinary medicine (de Vries et al., 2014; McParland et al., 2014; Vergara et al., 2014 ). The predictive model for the average CMI of all dairy herds accurately estimated the CMI and was not significantly different from the average CMI that was observed and registered by the farmers. The residuals of the final model were checked for normality and were classified as acceptable. Results of the linear model were robust given that log-linear and logit models gave the same results. Because the linear model met the aim of the study best (to estimate the average CMI for all dairy herds), it was decided to use a generalized linear model instead of Poisson or negative binomial regression models. The linear model had its limitations in correctly predicting extreme values of CMI, especially underestimating the high CMI values. This was visible in the limited variation that was explained by the model and was also visible in the results of the model predictions for the validation data set and for the 500 bootstrap data set that were used for validating the results. The predicted CMI slightly underestimated the observed CMI in both cases. Nevertheless, because herds with an extreme high CMI are rare, the underestimation of the average CMI for all herds was only limited. Because the predicted and observed CMI for individual herds differed more than 10 cases in 45% of the predictions, it was decided that the model was not suitable for estimation of the CMI as a continuous measure for individual herds. Instead a model that aimed at detecting farms belonging to the 25% herds with the highest CMI was developed. This model correctly classified 77% of the validation herds. Nevertheless, the model still misclassified 23% of the observations. Studying the misclassified herds more closely, we learned that 2 herds were assigned as needs attention in multiple quarters of 2013, whereas the farmer always observed a low CMI. Conversely, in 11 herds the model did not assign one of the quarters of 2013 as needing attention, whereas the farmers observed high CMI in at least 2 quarters. Misclassification by the model may be questionable in these cases. For the model, the observations of the farmers were used as reference; however, some farmers might have under-or overestimated the amount of CM cases as defined in our study. The 2 farms where the model wrongly as- Percentage primiparae with an elevated SCC incidence (10% least, 40% lower; 40% higher; 10% highest) 1
Winter is represented by the first quarter, spring by the second quarter, summer by the third quarter, and autumn by the fourth quarter of the year. Figure 4 . Histograms of the predicted versus observed attentions for the observed clinical mastitis incidence (CMI) per 100 cows per year for each of the 71 validation herds per quarter of 2013. The cut-off values classified as needs attention (i.e., belonging to the 25% herds with the highest CMI) were calculated for each quarter separately at 45.4, 39.3, 45.9, or 44 .0 in the 1st, 2nd, 3rd, or 4th quarter of 2013, respectively. A herd needing no attention was defined as belonging to the 75% herds with the lowest CMI either registered by the farmer (observed) or predicted by the model (predicted). Because of the different cut-off values used in each quarter of the year, an overlap in the different groups was seen (i.e., a CMI of 42 if classified as an attention in the second quarter whereas it is classified as no attention in the first, third, and fourth quarter of the year).
Journal of Dairy Science Vol. 98 No. 10, 2015 ESTIMATING CLINICAL MASTITIS WITH HERD DATA 6973 signed as needs attention in multiple quarters of 2013 had higher than average BTM SCC and a higher than average percentage of cattle with an elevated SCC in all quarters of the year. Earlier studies showed a difference between farmers in observing CM based on alterations in milk color and texture (Lam et al., 1993) . Possibly, these 2 farmers only observed more severe CM cases in their herd. The farmers that observed high amounts of CM when the model did not assign as needs attention had, on average, a lower amount of antibiotic supplied to them and lower values for SCC parameters. Some of these herds might have suffered from gram-negative CM infections that might not be reflected in a high BTM SCC (Barkema et al., 1998) . Another possible explanation is that these farmers were very precise in observing and registering CM and that they assign CM to even the smallest deviation in udder or milk.
Given the aim of the model, to detect herds with CM problems, it is doubtful whether it is a problem that the model misclassified some herds. The specificity of the presented model was high (96%) but the sensitivity was fairly low (32%). Nevertheless, these values are depending on the chosen cut-off values and can be altered depending on the aim of the model and in accordance with the stakeholders (informing farmers, detecting farmers with problems, motivating farmers to improve udder health and decrease CMI, and so on).
The parameters that were included in the best models were selected based on their predictive capacities for CMI and were not necessarily significantly associated with the CMI (could also be included as confounders). Nevertheless, in our model most parameters showed significant associations. In the Results section only the parameters and not the estimates were presented because they could be misinterpreted as explanatory relations. Further, it is not clear whether the parameter estimates are also valid for dairy herds with an automatic milking system and for dairy herds outside the Netherlands. The distribution of the model predictors might differ substantially between dairy herds with a conventional versus an automatic milking system and might also differ between dairy industries in different countries. Therefore, the validity of the predictive model for these herds needs to be further investigated.
For our study, a large group of 1,350 dairy farmers with a conventional milking system was randomly selected and asked to participate. Farms with an automatic milking system were excluded because CM detection in these herds differs substantially from CM detection in herds with a conventional milking system. In the Netherlands, about 15% of dairy herds use an automatic milking system. The first 240 farmers that responded to the request for participation were included in our study. This might have resulted in some selection bias, because these farmers might have had a higher than average interest in udder health in their herd and, therefore, might not be completely representative for the rest of the population. The study design required a high amount of dedication from the farmers because it involved administrative obligations during a whole year. Therefore, the participating farmers needed to be motivated to cooperate in the study. In comparison with the average Dutch dairy herd with a conventional milking system, the study herds appeared slightly larger. Nevertheless, we think that the slightly biased estimate of the true CMI of all dairy herds did not influence the quality of the models that were developed.
In the Netherlands, our study was the first representative estimate of the CMI since 2009. In that year, farmers observed and registered an average CMI of 28.1 (Lam et al., 2013) . Their finding showed a lower CMI compared with the CMI of 32.2 that was found in the present study. An increase in CMI was unexpected because the BTM SCC and the prevalence of elevated SCC cows decreased in the Dutch dairy population between 2008 and 2013. During this period the BTM SCC decreased from, on average, 215,000 cells/mL in 2008 to 199,000 cells/mL in 2012, and the prevalence of elevated SCC cows decreased from 22.7 to 19.7% in the same period (GD, 2013) . The focus on udder health in the Dutch dairy industry may have led to increased awareness of farmers for CM detection. In our study we also reduced response bias as much as possible with monthly reminders to submit the recorded cases of CM. Therefore, we believe that the observed CMI is very close to the true CMI in Dutch dairy herds.
The predictive models seemed capable of estimating the CMI for all dairy herds and detecting herds with a high CMI. Observing and registering CM by the farmer remains a crucial source of information in dairy management. Nevertheless, this requires a large amount of discipline and is not always feasible. Periodically monitoring CM based on routine data appears a good alternative to inform farmers about their risk status (i.e., need attention) with regard CMI. Combined with a benchmark of the average CMI for all dairy herds, this may stimulate the farmers to improve their udder health. In addition, the models can be used to monitor CM in the Netherlands on, for example, a yearly basis without having to conduct large scale and expensive field studies. It is, however, advisable to revalidate the developed models after the first few years because currently some major alterations are going on in the dairy industry, such as disappearance of the milk quota system and a reduction in AMU, which might influence the CMI. The winter is represented by the first quarter, the spring by the second quarter, the summer by the third quarter, and the autumn by the fourth quarter of the year.
APPENDIX
Herd (quarterly)
Categorical in 4 classes (winter, spring, summer, autumn) 
